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Abstract
Scientific discovery is shaped by scientists’ choices and thus by their career patterns.
The increasing knowledge required to work at the frontier of science makes it harder for an
individual to embark on unexplored paths. Yet collaborations can reduce learning costs –
albeit at the expense of increased coordination costs. In this article, we use data on the pub-
lication histories of a very large sample of physicists to measure the effects of knowledge and
social relatedness on their diversification strategies. Using bipartite networks, we compute a
measure of topics similarity and a measure of social proximity. We find that scientists’ strate-
gies are not random, and that they are significantly affected by both. Knowledge relatedness
across topics explains ≈ 10% of logistic regression deviances and social relatedness as much as
≈ 30%, suggesting that science is an eminently social enterprise: when scientists move out of
their core specialization, they do so through collaborations. Interestingly, we also find a sig-
nificant negative interaction between knowledge and social relatedness, suggesting that the
farther scientists move from their specialization, the more they rely on collaborations. Our
results provide a starting point for broader quantitative analyses of scientific diversification
strategies, which could also be extended to the domain of technological innovation – offering
insights from a comparative and policy perspective.
Keywords: Science of science, Diversification; Knowledge; Social networks, Innovation.
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1 Introduction
The activities of scientists and innovators often
span several areas, with choices of research en-
deavours driven by a variety of factors. The "es-
sential tension" between exploration and exploita-
tion described by Kuhn certainly characterizes
research careers [1], but scientists can evolve ways
to handle this trade-off. On the one hand, ad-
vances in science and technology create a "burden
of knowledge" [2]; the sheer amount of information
required to move forward has grown, and larger
educational costs may force scientists and inno-
vators towards a narrower specialization. On the
other hand, contemporary science is dominated
by teams that bring together different expertise
– albeit at a cost in terms of coordination and
credit sharing [3]. This article focuses on the
analysis of scientists’ research portfolio, investi-
gating the roles of knowledge relatedness (among
research topics) and social relatedness (among
authors), as well as their interaction, as drivers
of diversification.
Recent efforts to better characterize pat-
terns in research and innovation activities pro-
duced valuable insights. For instance, based on a
knowledge network created using MEDLINE ar-
ticles annotated with chemical entities, [4] quan-
titatively analyzed the dichotomy between ex-
ploration and exploitation. According to their
taxonomy, each new article can expand or consol-
idate the knowledge space by generating a new
chemical relationship (i.e., a new combination)
or contribute to an existing one. Results show
that research strategies (i.e., the types of articles
produced) are stable over time and exploitation
is preferred over exploration, despite a growing
number of opportunities. Exploration is riskier,
with rewards (i.e., citations) that are higher but
insufficient to compensate the risk. In the domain
of physics, [5] focused on the temporal evolution
of interdisciplinary research. The authors con-
structed and analyzed yearly snapshots of the
connections among physics sub-fields uniquely
identified through PACS codes. Results show that
connectivity, and thus interdisciplinarity within
physics, increased – but in a non-random way that
reflects the hierarchical structure of sub-fields. In
particular, condensed matter and general physics
acted as hubs for the increasing number of connec-
tions. More recently, and more directly related
to our purposes, [6–8] collected compelling empir-
ical evidence on physicists’ research endeavours.
[6] provided a comprehensive census of academic
physicists active in recent decades. The authors
charted a thorough picture of the evolution of
various fields in terms of number of scientists,
productivity (including impact and recognitions
such as Nobel prizes), team size and role of chap-
erones – highlighting a rich heterogeneity among
specializations. Moreover, [6] mapped "migra-
tion" flows by comparing the field in which a
given scientist published her first paper with the
one characterizing her later research interests.
Also [7] mapped flows among physics sub-
fields, with the aim of investigating the "essential
tension" in the evolution of scholars’ research
interests. The authors defined a measure of explo-
ration comparing early- and late-career ranges of
actives, and tracked flows using origin-destination
matrices among fields. Results suggest a prefer-
ence for exploration over exploitation, but concen-
trated within the same broad area of research, and
non-random transitions among different areas. [8]
observed that the frequency of scientists decays
exponentially as one considers increasing degrees
of change in interests. In order to reconstruct the
macroscopic patterns that drive such evolution,
the authors proposed a random walk model over
a stylized knowledge space, which reproduces em-
pirical observations thanks to the inclusion of key
features such as heterogeneity, subject proximity
and recency. Finally, [9] analysed the dynamics of
"topic switching" by exploring co-citing networks.
Results suggest a growing propensity to switch
among topics but also that such a strategy might
hamper productivity, especially for early-career
researchers.
Despite the growing body of evidence and
stylized facts provided by this literature, much re-
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mains to be done to disentangle and quantify the
roles of different contributing factors. To make
progress in this direction, we investigate scientists’
research portfolio diversification by quantifying
potential drivers of exploration, or, to put it dif-
ferently, the hurdles faced by scientists when they
move out of their immediate specialization. We
use a network approach to compute a measure of
similarity among research sub-fields, define a mea-
sure of social relatedness and track of scientists’
diversification patterns. We build our empiri-
cal strategy upon the intuition of [10], who used
patent data to explore the nature and degree of
coherence in firms’ technological diversification.
Our analysis proceeds as follows. First, we
test and reject the hypothesis that research port-
folio diversification is random. Second, we use
regression techniques to characterize how subject
and social proximity affect diversification, con-
trolling for possible confounding factors. Third,
we quantify the relative importance of our relat-
edness measures. We provide robust empirical
evidence that knowledge and social relatedness
are both significant statistical predictors of diver-
sification, as is their interaction – which corrob-
orates the notion that collaborations modulate
knowledge acquisition, especially when scientists
move far from their own specialization. Like many
of the articles mentioned above, we analyze data
concerning physicists. This focus is due in part
to the central role of physics among the hard
sciences, and in part to the reliability of data col-
lected labeling articles through the PACS codes.
Nevertheless, our approach is fully general and
could be used in different domains.
2 Results
2.1 Data description
We use the American Physical Society (APS)
dataset to reconstruct the activities of 197,682
physicists who published at least one paper in
one of the APS outlets in the period ranging from
1977 to 2009 (see section 4.1 for details). All
articles in APS journals are classified according
to hierarchical codes that map into physics fields
and sub-fields (i.e., PACS codes). For our anal-
yses (see section 4.5), we filter out authors and
sub-fields that appear only sporadically in the
data. Specifically, we focus on 105,558 authors
who published at least two articles, covering a
minimum of two sub-fields over a restricted set of
68 PACS which appear in at least four articles.
Figure 1 provides a general description of
the data and some insights. Figure 1-a shows
the popularity, in terms of number of articles,
of fields and sub-fields (one- and two-digit level
PACS codes, respectively). As expected, PACS
popularity is highly heterogeneous and reflects
the prominence of condensed matter research in
the last decades. Figure 1-b shows scientists’
degree of diversification and their relative special-
ization, as defined in section 4.3. The research
portfolio of most scholars in our dataset is fairly
limited in scope, with a large majority of scien-
tists diversifying in no more than 5 sub-fields.
The choice of subjects, however, is not random –
as we demonstrate in the next section.
2.2 Diversification is not random
Do scientists, much like firms [10, 11], shape their
research portfolios based on specific strategies
and constraints? To address this question quan-
titatively, we draw a parallel with ecology: as
species may co-occur in distinct sites, sub-fields
may overlap in research portfolios. Measuring the
relatedness of species based on their geographical
co-occurrence is analogous to measuring the relat-
edness of sub-fields based on their overlap in scien-
tists’ ranges of activity. Thus, the PACS-Authors
binary bipartite network resembles a presence-
absence matrix [12]. The monopartite projection
of this bipartite network (see section 4.2) on the
PACS layer carries a critical piece of information:
for each pair of PACS, it tells us how many scien-
tists are active in both sub-fields irrespective of
the number of articles, drawing a diversification
network.
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Figure 1: Popularity of fields and scientists’ degree of diversification/specialization. (a)
Circular bar-chart showing the number of articles assigned to each sub-field in the one-digit PACS codes,
taking into account their hierarchical structure. The chart highlights the popularity of Condensed Matter
research in both size and scope. (b) Distribution of scientists’ degree of diversification (the number of
sub-field they explored; orange bars) and of their relative specialization (the number of sub-fields in which
they have a scientific advantage; red dots). Scientists explore several sub-fields, but specialize in only a few –
despite the existence of some individuals with a truly interdisciplinary path, by and large research portfolios
are fairly limited in scope. Inset: pictorial description of a scientist who explored three sub-fields (orange) but
has only one specialization (PACS 05: red).
We can assess this network contrasting it
against an appropriate null model. Which sub-
fields overlaps are over- or under-represented rel-
ative to what we would expect under the assump-
tion that scientists picked research topics at ran-
dom, but taking into account the popularity of
sub-fields? Under a random model, the probabil-
ity that x scientists are active both in sub-field
a and in sub-field b, given that Sa and Sb sci-
entists are active in these sub-fields, follows a
hypergeometric distribution [13]
P (X = x) =
(Sa
x
)(S−Sa
Sb−x
)( S
Sb
) (1)
where S is the total number of scientists in the
sample.
Figure 2 describes the steps of our proce-
dure. Starting from the bipartite network (panel
a), we derive its monopartite projection (panel
b) and test whether the resulting structure is
non-random, summarizing statistically validated
diversification patterns (panel c). Out of 2,278
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pairs of PACS, 72% are classified as non-random
with a Bonferroni-corrected p-value < 0.05. Of
these, 1,151 pairs show a positive association and
486 a negative one. These results strongly sup-
port a coherent nature of scientists’ diversification
choices, but do not provide a direct quantification
of the role played by specific features in shaping
such coherence. Next, we investigate potential
drivers of diversification considering measures of
cognitive and social proximity.
2.3 Knowledge and social relatedness
predict diversification
The relationships among scientific fields, like those
among technologies, can be mapped using net-
work science tools. To chart a knowledge space
we need a measure of distance between fields.
Several different metrics have been proposed to
quantify the relatedness of technologies or sci-
entific domains (see [14] for a review). When
we consider the monopartite projection on the
PACS layer of the bipartite PACS-Articles net-
work, counting the co-occurrences of all pairs of
PACS produces a first approximation of the re-
latedness of sub-fields. A similar approach was
used in [15] for patent data. However, we need a
measure of proximity that: (i) does not depend
on the absolute popularity of the fields, and (ii) is
symmetric. The most straightforward metric that
fulfils both requirements is the cosine similarity
(see Figure 3-a/b/c, section 4.4). As expected,
the proximity matrix has a clear hierarchical block
structure, with blocks largely overlapping with
fields. Interestingly, several off block elements
show the proximity of sub-fields belonging to dif-
ferent PACS fields.
As science becomes an increasingly "social"
enterprise, it is also important to capture the relat-
edness of scholars, which can be done by analysing
co-authorships [3]. Similar to what we did for
knowledge relatedness, we construct a measure
of social relatedness starting from the bipartite
Authors-Articles network. The monopartite pro-
jection on the Authors defines the co-authorship
network from which we compute our desired met-
ric. In addition, to investigate whether diversifi-
cation is associated with the exploitation of social
relationships, we include information on authors’
specialization as node attributes in the network
and we introduce a dummy SRib equal to 1 if
scientist i can reach sub-field b through direct
social interactions (see Figure 3-d, section 4.4).
Next, we evaluate the effects of knowledge
and social relatedness on diversification with lo-
gistic regression. The binary dependent variable
encodes whether a scientist is active in a sub-field,
the main explanatory variables are our measures
of cognitive and social proximity, and a control
is introduced for the core field. In practice, each
scientist is assigned to a core sub-field (special-
ization) and can possibly diversify in one or more
target sub-fields different from her own (see sec-
tion 4.3). In this first set of regressions, each
scientist appears 67 times, one for every possible
target PACS different from her own specialization
(see section 4.5 for more details).
Figure 4 provides evidence that both social
and knowledge relatedness are associated with
scientists’ diversification strategies. Social relat-
edness matters irrespective of the field, as sci-
entists who can acquire new knowledge through
social relationships are more likely to be active in
a sub-field different form their own specialization
(panel a). Also knowledge relatedness increases
the probability of a scientist being active out of
her own specialization, and again this is true for
all fields (panel b). These results strongly suggest
that cognitive and social proximity do contribute
to shaping diversification strategies.
2.4 Model extensions and robustness
checks
To move further in our investigation of research
portfolio diversification, we broaden our analysis
in several ways. First, we expand our logistic
regression model including a larger set of control
variables, such as the number of co-authors or the
popularity and citations of the target sub-field
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Figure 2: Diversification patterns. (a) A stylized picture of the original PACS-Authors bipartite
network representing scientists’ diversification patterns. (b) The diversification network (the monopartite
projection on PACS): links represents the number of scientists active in each pair of sub-fields. (c) Visual
summary of the hypergeometric test, providing evidence of the coherent nature of scientists’ diversification
choices: 72% of pairs are classified as non-random (p < 0.05 after Bonferroni correction).
(see Table A1 for a complete list). All numerical
variables in the expanded model are normalized,
and log-transformed to reduce right-skew when
necessary (see section 4.5 for more details). Since
the effect of knowledge relatedness on the prob-
ability of diversification may be modulated by
social relatedness, we also include an interaction
term in our analysis.
Second, we tackle two potential limitations
of our original analysis; that is, defining a sin-
gle specialization for each scientist (while core
specializations may actually be multiple), and
not separating sub-field movements within and
between fields, i.e., one-digit PACS codes (which
may be differently affected by various features).
We run additional model fits allowing scientists
to have multiple specializations (see section 4.3)
and separating within and between field diversifi-
cation. Specifically, we perform the following fits:
(i) single specialization with full diversification,
(ii) multiple-specialization with full diversification,
(iii) single specialization with within field diversi-
fication, (iv) multiple specialization with within
field diversification, (v) single specialization with
between field diversification and (vi) multiple spe-
cialization with between field diversification.
Third, we account for the fact that the
data employed in our fits are "clustered", with
several observations associated to each scientist
and a potential heteroskedasticity across clus-
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Figure 3: Knowledge and social relatedness. (a) A stylized example of the bipartite PACS-Articles
network. (b) The PACS co-occurrence network (monopartite projection on PACS codes). (c) The cosine
similarity matrix, which "maps" the physics knowledge space and identifies clusters corresponding to fields.
(d) A table illustrating how co-authorship and specialization information are combined to produce the
augmented co-authorship network shown in the figure, which includes nodes attributes (specializations). The
nodes represent individual scientists (in black) and specializations (in red). Our measure of social relatedness
(SRib) is defined as a dummy that captures whether scholar i can reach a certain sub-field b through social
interactions; SRib = 1 if d(i, b) = 2, where d(i, b) is the geodesic distance between scholar i and sub-field b.
For instance, SRDavid,45 = 1 since David could directly exchange knowledge with Alice (specialized in
sub-field 45), while SRDavid,21 = 0.
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Figure 4: Probabilities of scientists diversifying in a sub-field different from their own
specialization. Predicted probabilities of a scientist being active in a sub-field different from her own
specialization as a function of (a) (binary) social relatedness, and (b) (standardized) knowledge relatedness.
Results are obtained by fitting a logistic regression with only one control variable – the scientist’ core field.
All coefficients are statistically significant (p < 0.01).
ters/scientists. We estimate clustering-robust
standard errors using the clustered sandwich esti-
mator from the R package sandwich [16].
Fits for specifications (i)-(iv), all includ-
ing the interaction between knowledge and so-
cial relatedness and clustering corrected standard
errors, are summarized in Table 1, confirming
the high significance of the relatedness metrics
in shaping research diversification. Figure 5 fo-
cuses on the full diversification case. Panels a
(single specialization, (i)) and c (multiple spe-
cialization, (ii)) show the log-odds difference in
the probability of diversification as a function
of knowledge and social relatedness, accounting
for all controls. Social relatedness positively af-
fects the chances of diversification and the effect
is moderated by knowledge relatedness in both
specifications, though more markedly in (i) than
in (ii). Panels b (for (i)) and d (for (ii)) further
illustrate this, showing how the estimated coeffi-
cient of social relatedness decreases as knowledge
relatedness increases. This result indicates that
when diversifying toward "close" sub-field, the
role of social relatedness becomes less crucial.
Next, we contrast scientists moving within
their specialization field (between two sub-fields,
i.e. two-digit PACS codes, belonging to the same
field, i.e. one-digit PACS code; e.g. PACS 12
Specific theories and interaction models; parti-
cle systematics and PACS 13 Specific reactions
and phenomenology, both belonging to PACS 1
High Energy physics) and scientists moving out
of their field and towards a completely different
subject (i.e. a different one-digit PACS code).
These choices may be driven by different factors.
Scientists moving within their field may be less
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Figure 5: Scientists’ research portfolio diversification: full diversification, single and multiple
specialization. (a) Log-odds as function of (binary) social relatedness and (standardized) knowledge
relatedness, accounting for multiple control variables, for the single specialization specification (i). (b)
Estimated coefficient for social relatedness conditional on knowledge relatedness, and distribution of
knowledge relatedness (on top, similarity color coded as in Figure 3-c), for the single specialization
specification (i)). (c), (d) Same as (a) and (b) for the multiple specialization specification (ii).
dependent on external collaborations, since such
a diversification strategy requires a smaller learn-
ing effort. Our estimates do highlight differences.
Looking at the within field diversification case,
single specialization (Table 1, (iii)), we see that
knowledge and social relatedness, as well as their
interaction, are still significant – but the mag-
nitude of the coefficients is smaller with respect
to the full diversification case. When we con-
sider multiple specialization (Table 1, (iv)), co-
efficients shrink even further and the interaction
is no longer significant (see also Figure A2). On
the contrary, looking at the between field diversi-
fication case, the general trends outlined for the
full diversification case are confirmed – including
the negative interaction term remaining sizeable
and significant for both single and multiple spe-
cialization (see Table 1, (v) and (vi), and Figure
A3).These results are in line with expectations:
while having a co-author in a different sub-field
may well be useful, knowledge is not a barrier
to entry when scientists move within the same
general area of inquiry. This explains why the
interaction between social and knowledge related-
ness becomes less prominent or non-significant in
our estimates.
2.5 Quantifying the relative impor-
tance of knowledge and social re-
latedness
Can we quantify the (relative) role of knowledge
and social relatedness in explaining research port-
folio diversification? How important are these
quantities when evaluated in the presence of sev-
eral control covariates, and under a range of model
specifications? To answer these questions we fol-
low two approaches.
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Table 1: Regression results. Coefficients of the logistic regressions of Eq. 7, i.e. the model including the
interaction term between knowledge and social relatedness, under different specialization settings. The table
reports clustering corrected standard errors (in parenthesis) and significance level:∗p<0.1; ∗∗p<0.05;
∗∗∗p<0.01.
Dependent variable: Prob(diversification)
Full Diversification Within Field Diversfication Between Field Diversfication
single multiple single multiple single multiple
(i) (ii) (iii) (iv) (v) (vi)
Knowledge Relatedness 0.936∗∗∗ 0.688∗∗∗ 0.184∗∗∗ 0.121∗∗∗ 0.702∗∗∗ 0.511∗∗∗
(0.003) (0.009) (0.005) (0.013) (0.003) (0.011)
Social Relatedness 2.827∗∗∗ 4.243∗∗∗ 2.272∗∗∗ 3.968∗∗∗ 2.914∗∗∗ 4.284∗∗∗
(0.006) (0.019) (0.008) (0.021) (0.008) (0.021)
field core-Atomic −0.332∗∗∗ −0.428∗∗∗ 0.056∗∗ −0.276∗∗∗ −0.303∗∗∗ −0.385∗∗∗
(0.010) (0.007) (0.025) (0.021) (0.010) (0.008)
field core-Classical −0.490∗∗∗ −0.477∗∗∗ −1.001∗∗∗ −0.932∗∗∗ −0.313∗∗∗ −0.328∗∗∗
(0.010) (0.007) (0.029) (0.023) (0.010) (0.008)
field core-Cond.matter −1.088∗∗∗ −0.761∗∗∗ −1.110∗∗∗ −0.892∗∗∗ −1.263∗∗∗ −0.903∗∗∗
(0.012) (0.009) (0.024) (0.020) (0.017) (0.013)
field core-General −0.722∗∗∗ −0.537∗∗∗ −0.927∗∗∗ −0.823∗∗∗ −0.632∗∗∗ −0.422∗∗∗
(0.011) (0.007) (0.028) (0.021) (0.012) (0.008)
field core-High.energy 0.219∗∗∗ 0.168∗∗∗ 1.806∗∗∗ 1.176∗∗∗ −0.360∗∗∗ −0.060∗∗∗
(0.010) (0.006) (0.027) (0.023) (0.013) (0.008)
field core-Interdisc −0.557∗∗∗ −0.553∗∗∗ −0.357∗∗∗ −0.724∗∗∗ −0.365∗∗∗ −0.367∗∗∗
(0.010) (0.007) (0.026) (0.021) (0.011) (0.008)
field core-Nuclear 0.463∗∗∗ 0.164∗∗∗ 0.969∗∗∗ 0.692∗∗∗ 0.068∗∗∗ −0.161∗∗∗
(0.010) (0.006) (0.024) (0.021) (0.011) (0.009)
field core-Plasma −0.269∗∗∗ −0.419∗∗∗ −0.155∗∗ −0.361∗∗∗ −0.074∗∗∗ −0.256∗∗∗
(0.013) (0.008) (0.068) (0.058) (0.015) (0.009)
# of PACS 0.882∗∗∗ 0.806∗∗∗ 0.769∗∗∗ 0.497∗∗∗ 1.003∗∗∗ 0.944∗∗∗
(0.002) (0.003) (0.005) (0.004) (0.004) (0.004)
# of papers 0.010∗∗∗ 0.113∗∗∗ 0.065∗∗∗ 0.252∗∗∗ −0.032∗∗∗ 0.050∗∗∗
(0.002) (0.003) (0.005) (0.004) (0.004) (0.004)
# of co-authors −0.406∗∗∗ −0.347∗∗∗ −0.240∗∗∗ −0.145∗∗∗ −0.488∗∗∗ −0.444∗∗∗
(0.002) (0.004) (0.004) (0.004) (0.003) (0.006)
PACS target popularity 1.130∗∗∗ 0.611∗∗∗ 1.370∗∗∗ 0.774∗∗∗ 1.108∗∗∗ 0.559∗∗∗
(0.002) (0.002) (0.005) (0.003) (0.003) (0.002)
∆ crowd 0.239∗∗∗ 0.358∗∗∗ 0.131∗∗∗ 0.345∗∗∗ 0.320∗∗∗ 0.393∗∗∗
(0.002) (0.003) (0.003) (0.003) (0.003) (0.003)
∆ PACS citations −0.273∗∗∗ −0.332∗∗∗ −0.208∗∗∗ −0.313∗∗∗ −0.369∗∗∗ −0.354∗∗∗
(0.002) (0.003) (0.004) (0.003) (0.004) (0.003)
∆ field citations −0.156∗∗∗ −0.070∗∗∗ 7 7 −0.196∗∗∗ −0.143∗∗∗
(0.004) (0.004) (0.006) (0.005)
KR:SR −0.255∗∗∗ −0.061∗∗∗ −0.047∗∗∗ −0.001 −0.234∗∗∗ −0.067∗∗∗
(0.004) (0.010) (0.007) (0.013) (0.005) (0.011)
Constant −3.812∗∗∗ −5.903∗∗∗ −1.882∗∗∗ −4.250∗∗∗ −4.168∗∗∗ −6.165∗∗∗
(0.010) (0.020) (0.022) (0.028) (0.010) (0.022)
Observations 7,072,386 35,968,615 1,000,230 5,407,404 6,072,156 30,154,990
Log Likelihood −1,086,281.000 −7,303,198.000 −334,697.300 −2,166,803.000 −716,398.900 −4,971,497.000
Akaike Inf. Crit. 2,172,600.000 14,606,434.000 669,430.600 4,333,642.000 1,432,836.000 9,943,033.000
First, we run a LASSO feature selection
procedure to gauge the relative importance and
role of different predictors by tracking how they
are excluded/included in a model as one varies
the regularization penalty. Since our predictors
include categorical variables (i.e., groups of dum-
mies), as well as naturally grouped variables (e.g.,
scientists’ individual characteristics, sub-fields’
popularity and competition, etc.) we run a group
LASSO algorithm [17] with features grouped as
shown in Table A1. Moreover, to counteract
collinearity and finite sample issues which can
render the LASSO unstable [18], we split our
data forming ten random subsamples of 1,000
scientists each, and repeat the group LASSO fit
on each of the subsamples for all the considered
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model specifications. Panels (a)-(f) of Figure 6
show the (grouped) coefficient norms as a func-
tion of the penalization parameter λ. Results
clearly demonstrate the crucial role played by so-
cial and knowledge relatedness. They also confirm
that the role of knowledge relatedness weakens
markedly in the case of within-field diversification
(panels (c) and (d)).
Second, we compute the Relative Contribu-
tions to Deviance Explained (RCDEs; see section
4.5 for details). This index captures what percent-
age of the logistic regression deviance is captured
by a predictor. Panel g of Figure 6 strongly sup-
ports a prominent role for social relatedness, with
RCDEs around or above 30% across all specifi-
cations. The RCDEs of knowledge relatedness
are smaller, around 5-10%, and again become
negligible in the case of within-field diversifica-
tion. In summary, our results provide additional
evidence that both social and knowledge prox-
imity shape scientists’ diversification strategies,
but highlight social interactions as the dominant
channel through which knowledge is exchanged
and acquired.
2.6 Digging deeper: multidisciplinar-
ity and time
Next, we tackle two additional potential limita-
tions of our original analysis, which might overes-
timate the probability of diversification for truly
multidisciplinary scientists and suffer from reverse
causality issues. To investigate diversification into
truly unexplored sub-fields, we fitted the model
specification (i) (see section 2.4) considering sci-
entists’ specialization (see section 4.3) and lim-
iting their diversification choices to sub-fields in
which they have no revealed scientific advantage
(see section A.4.1). To at least partially address
causality in the effects of knowledge and social
relatedness on diversification, we included a tem-
poral dimension: we split the original dataset in
three time periods, re-computed our measures
of relatedness in each, and used them to predict
scientists’ diversification introducing time lags
(see section A.4.2). In both exercises, results con-
firmed our previous findings: social relatedness
shapes scientists’ diversification strategies more
than knowledge relatedness.
Finally, and again related to time, our find-
ings may be influenced by underlying trends in the
temporal evolution of PACS co-occurrence net-
works – and thus knowledge proximity. A detailed
study of the evolution of relationships among sub-
fields, which is of course of interest per se, is
beyond the scope of the present article. Neverthe-
less, to gather at least some approximate sense
of its potential impact, we recomputed our mea-
sure of knowledge relatedness separately for each
of the different decades in the original dataset.
Based on results shown in section A.3, the physics
knowledge space remained rather stable over the
time span considered.
3 Discussion
Scientists try to balance the "tension" between
exploitation and exploration, but the exploration
phase is, to some extent, constrained by the "bur-
den of knowledge". To tackle the rising complex-
ity of producing new knowledge, scientists adapt
their diversification strategies leveraging social
interactions; that is, proximity to other scientists.
Our analysis attempts to identify and quantify
drivers of research portfolio diversification. Based
on data concerning a very large sample of physi-
cists we find that, while knowledge relatedness
plays a role, contemporary science is a profoundly
social enterprise. When scientists move out of
their specialization, they do so through collabora-
tions. And the further the move, the more these
collaborations matter.
Limitations in the methodology we em-
ployed for this study point towards needed fu-
ture developments. First and foremost, we are
not assessing causal effects; we analyse research
diversification patterns irrespective of the mecha-
nisms which determine the similarity among sub-
fields and the co-authorship network. Indeed,
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Figure 6: Relative importance of predictors. (a)-(f) Group LASSO paths for (a) full diversification,
single specialization; (b) full diversification, multiple specialization; (c) within-field diversification, single
specialization; (d) within-field diversification, multiple specialization; (e) between-field diversification, single
specialization; (f) between-field diversification, multiple specialization. In each panel, variables in the same
group are color coded, and their average coefficient norm is plotted (as a single path) against the penalty
parameter (log λ). The multiple paths for each color correspond to separate group LASSO runs on 10
random sub-samples of 1,000 scientists. (g) Relative Contributions to Deviance Explained for knowledge
relatedness (black) and social relatedness (red) across all fits.
knowledge relatedness and collaborations may
themselves be affected by scientists’ diversifica-
tion strategies. We believe that the observed
negative interaction between knowledge and so-
cial relatedness helps us rule out, at least partially,
the contingency of reverse causality for social re-
latedness: if diversification were causally driving
the link, we would expect a positive interaction.
There is no reason to believe that new collabo-
rators are easier to find in sub-fields far from a
scientist’s own specialization; in fact, the oppo-
site may be more likely – the closer the sub-fields,
the higher the chances to collaborate. Moreover,
since the structure of the knowledge space appears
fairly stable over time, the direction of causality
is more likely from subject proximity to diversi-
fication – not the other way around. Additional
analyses with methods that fully exploit the tem-
poral trajectories of scientists’ activities will be
instrumental to elucidating the causal interplay
between individual strategies and collaborations.
In the Supplement we do provide results for the
checks we were able to run based on the data and
methods at our disposal.
Another critical development will be ex-
panding the investigation to scientific and/or tech-
nological domains beyond physics – shedding fur-
ther light on behaviours and potential sources of
heterogeneity. Our initial focus on physics was
due to its central role in the natural sciences and
to the availability of reliable and abundant data.
Nevertheless, the approach used in this study is
fully applicable to different domains. Patents and
publications records would both be useful grounds
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to validate and extend our results – thus provid-
ing a quantitative benchmark to inform science
and technology policy.
From a policy perspective, our current re-
sults already provide some insights. They sup-
port the notion that social interactions constitute
the core medium to foster new scientific venues,
allowing scientists to overcome knowledge barri-
ers. Thus, social interactions should be a focus
of efforts aimed at improving cross-disciplinary
team formation. Institutions should strive to cre-
ate environments that favor social proximity and
collaboration, and funding for interdisciplinary
research should reward matches among scholars
specialized in very distant domains.
4 Methods
4.1 Data
We use the American Physical Society (henceforth
APS) dataset, which is maintained by the APS and
publicly available for research purposes upon request
(see APS website). Each article in the dataset is la-
beled with up to 5 PACS codes. As an example, the
PACS code 42.65.-k refers to nonlinear optics; the first
digit represents a broad field (Classical Physics), and
the second a more specific sub-field (Optics). A brief
description of the one-digit level fields is provided in
Table A0. In our analyses, we work at the level of sub-
fields; our measure of knowledge relatedness is based
on similarity of PACS at two-digit level. Based on our
aims (analysing research diversification strategies), we
created a dataset based on two requirements: (i) the
ability to reconstruct the career of each individual,
and (ii) a standardized classification system for each
article. (i) poses several issues related to name disam-
biguation, which have been successfully investigated
in previous studies. We rely on the disambiguated
dataset made available by [19]. (ii) concerns the classi-
fication scheme applied to physics articles. The PACS
classification has been broadly employed from 1970 to
2016, but then the APS adopted a different labelling
procedure (Physics Subject Headings; PhySH). We
limit our analysis to a period entirely covered by the
PACS system. Our final dataset includes information
regarding 197,682 scholars that published at least one
article in one of the 9 APS journals in the period rang-
ing from 1977 to 2009. Figure A1 shows the number of
papers (panel a) and the number of papers per author
(panel b) over time.
4.2 Monopartite projections of bipar-
tite networks
A bipartite network is a graph whose nodes can be
divided into two distinct sets (layers) such that no
edge connects a pair of nodes belonging to the same
set. A binary undirected bipartite network is identified
by a rectangular biadjacency matrix b of dimensions
NR ×NC . The number of rows NR is the number of
nodes in layer R, and the number of columns NC is
the number of nodes in layer C [20]. Being binary
simply means that the elements of the matrix are
b
rc
=
{
1 if node r ∈ R and c ∈ C are linked
0 otherwise
.
The weighted monopartite projection on one of the
layers is constructed counting so-called V-motifis: we
draw a link in the projected network if two nodes share
a neighbour in the bipartite network. For instance, to
derive the weighted monopartite projection on layer
R, we count co-occurences in the bipartite network
and construct the square NR × NR matrix M with
elements
mrr′ =
NC∑
c=1
brcbr′c . (2)
For our analyses, we derive weighted monopartite pro-
jections from three binary bipartite networks; namely,
Subfields-Articles, Authors-Articles and Subfields-
Authors.
4.3 Scientists’ specializations
Our analyses require us to assign specializations (sin-
gle or multiple) to individuals. Unfortunately, there is
no standard way to approach this problem – in part
because, unlike articles or patents which can often be
unambiguously linked to a limited number of classes,
scientists can explore the knowledge space quite exten-
sively. For our purposes, a suitable assignment should
take into account both the relative specialization of
a scientist and the distribution of publications across
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areas. Share-based metrics can be used to construct
effective assignments. An instance is the Revealed
Scientific Advantage (RSA) recently used in [6], which
is akin to a metric originally used in [21] to analyse
comparative international trade advantages among
countries. We consider the normalized metric; for
each author i and sub-field (two-digit PACS) s this is
defined as
RSAis =
wi,s∑
s
wi,s∑
i
wi,s∑
i,s
wi,s
, (3)
where wi,s is the number of articles author i has pub-
lished in sub-field s. By construction, RSAis ∈ [−1, 1],
and a positive value indicates an advantage for author
i in sub-field s. To assign a single specialization to i,
we simply take s(i) = argmaxs{RSAis}.
To assign multiple specializations to i, we take
S(i) = {s s.t. RSAis > 0}. In this case we actually
create a fictitious "copy" of i for each of the sub-fields
in S(i) – keeping all individual characteristics but the
specialization for each copy. This overcomes possible
biases stemming from classification errors or marked
heterogeneity in the distribution of articles across sub-
fields.
4.4 Measures of knowledge and social
relatedness
We define knowledge relatedness among sub-fields
(two-digit PACS) from the bipartite network PACS-
Articles. Specifically, we derive the monopartite pro-
jection on the PACS layer (a 68 × 68 co-occurrence
matrix) and then apply the cosine similarity to con-
struct a knowledge relatedness matrix. The procedure
is illustrated in Figure 3: panel (a) shows a stylized
example of the bipartite network PACS-Articles, panel
(b) shows the network of co-occurrences of all pairs
of PACS (the monopartite projection on the PACS
layer), and panel (c) shows the cosine similarity matrix
describing proximity among physics sub-fields.
We define social relatedness from the initial co-
authorship network G(V,E). Specifically, we build
an augmented graph G′(V ′, E′) to integrate scientists’
specializations: for each node (author) V ∈ G, we cre-
ate an individual node in G′ and for each edge E ∈ G
we draw the corresponding edge in G′. Then for each
PACS s, we create an attribute node in G′. Next,
we add further edges to G′ considering the specializa-
tion(s) of each scientist and creating an edge between
her individual node and the her specialization(s)’s
attribute node(s) (panel (d) of Figure 3 provides a
simple example). Finally, we capture social relatedness
with a binary variable based on whether an author
has at least one coauthor specialized in a sub-field
different from her own; that is
SRis =
{
1 if d(i, s) = 2
0 otherwise
(4)
where d(i, s) is the geodesic distance between scientist
i and sub-field s in the augmented graph.
4.5 Modeling and assessment of pre-
dictors’ contributions
Consider an author i specialized in the sub-field a.
The probability that she is also active in sub-field
b 6= a is modeled as
p := f(KRab, SRib, IFi,SCb,Citb) (5)
where KRab is the knowledge relatedness be-
tween the two sub-fields, SRib is the social relatedness
between the author and the sub-field b, IFi is a vec-
tor of author’s characteristics, SCb is a vector of
variables capturing the sub-field popularity and com-
petition (i.e., for each sub-field, number of papers and
number of specialized scientists), and Citb is a vector
of variables capturing the relative attractiveness of the
sub-field. A full list of the variables comprised in these
vectors is provided in Table A1. We reformulate the
model as a logistic regression and consider two base-
line specifications, with and without the interaction
term between knowledge and social relatedness:
Y = ln( p1− p ) = α+ βKRab + γSRib+ (6)
θ · IFi + η · SCb + φ ·Citb + 
Y = ln( p1− p ) = α+ βKRab + γSRib+ (7)
ζ(KRab × SRib) + θ · IFi+
η · SCb + φ ·Citb + 
For both the single-and multiple-specialization set-
tings, we fit these logistic regressions in three scenar-
ios; namely, full (no constraint on sub-fields a and b),
within field (a and b in the same field; i.e. one-digit
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PACS code) and between field (a and b in different
fields) diversification.
In order to quantify the roles of knowledge and
social relatedness, we compute the Relative Contribu-
tion to Deviance Explained (RCDE) for each of these
variables [22]. For a generic predictor X this is defined
as
RCDEX =
(Dnull −Dfull)− (Dnull −Dfull\X)
(Dnull −Dfull)
(8)
where Dnull is the null deviance, Dfull is the residual
deviance of the full model (including all predictors)
and Dfull\X is the residual deviance of the model
obtained by removing X (in our case KR or SR).
The RCDE thus quantifies the percentage of the total
logistic deviance attributable to X.
References
[1] Thomas S Kuhn and Joseph Epstein. The
essential tension, 1979.
[2] Benjamin F. Jones. The burden of knowledge
and the "death of the renaissance man": Is
innovation getting harder? The Review of
Economic Studies, 76(1):283–317, 2009.
[3] Stefan Wuchty, Benjamin F Jones, and
Brian Uzzi. The increasing dominance of
teams in production of knowledge. Science,
316(5827):1036–1039, 2007.
[4] Jacob G Foster, Andrey Rzhetsky, and
James A Evans. Tradition and innovation in
scientistsâĂŹ research strategies. American
Sociological Review, 80(5):875–908, 2015.
[5] Raj Kumar Pan, Sitabhra Sinha, Kimmo
Kaski, and Jari Saramäki. The evolution of
interdisciplinarity in physics research. Scien-
tific reports, 2:551, 2012.
[6] Federico Battiston, Federico Musciotto,
Dashun Wang, Albert-László Barabási,
Michael Szell, and Roberta Sinatra. Taking
census of physics. Nature Reviews Physics,
1(1):89, 2019.
[7] Alberto Aleta, Sandro Meloni, Nicola Perra,
and Yamir Moreno. Explore with caution:
mapping the evolution of scientific interest
in physics. EPJ Data Science, 8(1):27, 2019.
[8] Tao Jia, Dashun Wang, and Boleslaw K Szy-
manski. Quantifying patterns of research-
interest evolution. Nature Human Behaviour,
1(4):0078, 2017.
[9] An Zeng, Zhesi Shen, Jianlin Zhou, Ying
Fan, Zengru Di, Yougui Wang, H Eugene
Stanley, and Shlomo Havlin. Increasing trend
of scientists to switch between topics. Nature
communications, 10(1):1–11, 2019.
[10] Stefano Breschi, Francesco Lissoni, and
Franco Malerba. Knowledge-relatedness in
firm technological diversification. Research
Policy, 32(1):69 – 87, 2003.
[11] David J. Teece, Richard Rumelt, Giovanni
Dosi, and Sidney Winter. Understanding
corporate coherence: Theory and evidence.
Journal of Economic Behavior & Organiza-
tion, 23(1):1 – 30, 1994.
[12] Joseph A Veech. A probabilistic model for
analysing species co-occurrence. Global Ecol-
ogy and Biogeography, 22(2):252–260, 2013.
[13] Michele Tumminello, Salvatore Micciche,
Fabrizio Lillo, Jyrki Piilo, and Rosario N
Mantegna. Statistically validated networks
in bipartite complex systems. PloS one,
6(3):e17994, 2011.
[14] Yan Bowen and Luo Jianxi. Measuring tech-
nological distance for patent mapping. Jour-
nal of the Association for Information Sci-
ence and Technology, 68(2):423–437, 2016.
[15] Francesco Lamperti, Franco Malerba,
Roberto Mavilia, and Giorgio Tripodi.
Does the position in the inter-sectoral
knowledge space affect the international
competitiveness of industries? Economics
15
of Innovation and New Technology, pages
1–48, 2019.
[16] Achim Zeileis. Econometric computing
with hc and hac covariance matrix estima-
tors. Journal of Statistical Software, Articles,
11(10):1–17, 2004.
[17] Ming Yuan and Yi Lin. Model selection
and estimation in regression with grouped
variables. Journal of the Royal Statistical
Society: Series B (Statistical Methodology),
68(1):49–67, 2006.
[18] Sendhil Mullainathan and Jann Spiess. Ma-
chine learning: an applied econometric ap-
proach. Journal of Economic Perspectives,
31(2):87–106, 2017.
[19] Roberta Sinatra, Dashun Wang, Pierre Dev-
ille, Chaoming Song, and Albert-László
Barabási. Quantifying the evolution of indi-
vidual scientific impact. Science, 354(6312),
2016.
[20] Fabio Saracco, Mika J Straka, Riccardo
Di Clemente, Andrea Gabrielli, Guido Cal-
darelli, and Tiziano Squartini. Inferring
monopartite projections of bipartite net-
works: an entropy-based approach. New
Journal of Physics, 19(5):053022, 2017.
[21] Bela Balassa. Trade liberalisation and
"revealed" comparative advantage 1. The
manchester school, 33(2):99–123, 1965.
[22] Rebeca Campos-SÃąnchez, Marzia A. Cre-
mona, Alessia Pini, Francesca Chiaromonte,
and Kateryna D. Makova. Integration and
fixation preferences of human and mouse en-
dogenous retroviruses uncovered with func-
tional data analysis. PLOS Computational
Biology, 12(6):1–41, 06 2016.
16
A Supplementary Material
A.1 Data
The American Physical Society (APS) grants access to data containing information about
papers published in 9 journals: Physical Review A, B, C, D, E, I, L, ST and Review of Modern
Physics. The APS makes available, under request, two datasets including over 450,000 articles
metadata and citations from 1893 onwards. Each article has a unique identifier and most of them
contain reference codes that map into physics sub-fields (PACS codes). As mentioned in section 4.1,
we make use of such a classification to keep track of scientists’ diversification patterns. Moreover, we
use a disambiguated list of authors made available by [19]. As a result, we analyse a sub-sample
for which we have access to all the necessary information: it includes more than 300,000 articles
published by 197,682 authors over the period 1977-2009. Figure A1 provides simple statistical
properties of the dataset.
Table A0: One-digit PACS codes
PACS Field Description
0 General Mathematical Methods, Quantum Mechanics, Relativity, Nonlinear Dynamics and Metrolog
1 High-energy Physics of Elementary Particles and Fields
2 Nuclear Nuclear Structure and Reactions
3 Atomic Atomic and Molecular Physics
4 Classical Electromagnetism, Optics, Acoustics, Heat Transfer, Classical Mechanics and Fluid Dynamics
5 Plasma Physics of Gases, Plasmas and Electric Discharges
6 - 7 Condensed Matter Structural, Mechanical and Thermal Properties, Electronic Structure and Electrical, Magnetic and Optical Properties
8 Interdisc Interdisciplinary Physics and Related Areas of Science and Technology
9 Astro Astrophysics, Astronomy and Geophysics
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Figure A1: Statistical properties of the APS data. a, The time series of papers over time shows
that the number of papers published in APS outlets increased substantially from 1977 to 2009. b, The
distribution of the number of papers per author is fat-tailed: the large majority of authors published just few
articles while some authors have been extremely productive.
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A.2 Additional estimation results
As mentioned section 4.5 and 2.3, we use a multivariate logistic regression to estimate the
probability that a scientist diversifies in a sub-field different from her own specialization. Table A1
summarizes our independent variables and includes information about our grouping strategy. Here,
we provide results for each and every specification: (i) single specialization (full diversification), (ii)
multiple-specialization (full diversification), (iii) single specialization (within field diversification),
(iv) multiple specialization (within field diversification), (v) single specialization (between field
diversification) and (vi) multiple specialization (between field diversification).
Table A1: Variables and grouping strategy
Name Group Description
Knowledge relatedness 1 - KR Cosine similarity among sub-fields
Social relatedness 2 - SR Scientist’ co-authors specialized in the sub-field different from her core one (dummy)
Field core 3 - IF macro-field specialization (categorical)
# of PACS 4 - IF Number of PACS explored
# of papers 4 - IF Number of papers published
# of co-authors 4 - IF Number of co-authors
PACS target popularity 5 - SC Number of articles assigned to the target sub-field
∆ crowd 5 - SC Difference in the number of specialized scientists between core and target sub-field
∆ PACS citations 6 - Cit Difference in the number citations between core and target sub-field
∆ field citations 6 - Cit Difference in the number citations between core and target macro-field
Full diversification - Specification (i) and (ii) Results are summarized in Table A1 and A1,
where the first column refers to the baseline model (without the interaction term between social
and knowledge relatedness), column (2) refers to the model including the interaction term while
column (3) presents the same results with clustering corrected standard errors. Figure 5-a/c show
the differences in the probability of diversification as a function of knowledge and social relatedness,
taking into account all the control variables. Figure 5-b/d provide evidence of the moderating role
played by the similarity across sub-fields on the estimated coefficient of social relatedness
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Table A1: (i) Single specialization - full diversification.
Dependent variable: P(diversification)
Baseline Interactions Robust SE
(1) (2) (3)
Knowledge Relatedness 0.846∗∗∗ 0.936∗∗∗ 0.936∗∗∗
(0.002) (0.002) (0.003)
Social Relatedness 2.647∗∗∗ 2.827∗∗∗ 2.827∗∗∗
(0.004) (0.005) (0.006)
field core-Atomic −0.332∗∗∗ −0.332∗∗∗ −0.332∗∗∗
(0.009) (0.009) (0.010)
field core-Classical −0.480∗∗∗ −0.490∗∗∗ −0.490∗∗∗
(0.010) (0.010) (0.010)
field core-Cond.matter −1.094∗∗∗ −1.088∗∗∗ −1.088∗∗∗
(0.010) (0.010) (0.012)
field core-General −0.710∗∗∗ −0.722∗∗∗ −0.722∗∗∗
(0.010) (0.010) (0.011)
field core-High.energy 0.221∗∗∗ 0.219∗∗∗ 0.219∗∗∗
(0.011) (0.011) (0.010)
field core-Interdisc −0.546∗∗∗ −0.557∗∗∗ −0.557∗∗∗
(0.009) (0.009) (0.010)
field core-Nuclear 0.438∗∗∗ 0.463∗∗∗ 0.463∗∗∗
(0.009) (0.009) (0.010)
field core-Plasma −0.258∗∗∗ −0.269∗∗∗ −0.269∗∗∗
(0.014) (0.014) (0.013)
# of PACS 0.891∗∗∗ 0.882∗∗∗ 0.882∗∗∗
(0.003) (0.003) (0.002)
# of papers −0.007∗∗ 0.010∗∗∗ 0.010∗∗∗
(0.003) (0.003) (0.002)
PACS target popularity 1.130∗∗∗ 1.130∗∗∗ 1.130∗∗∗
(0.003) (0.003) (0.002)
∆ crowd 0.239∗∗∗ 0.239∗∗∗ 0.239∗∗∗
(0.002) (0.002) (0.002)
# of co-authors −0.382∗∗∗ −0.406∗∗∗ −0.406∗∗∗
(0.003) (0.003) (0.002)
∆ PACS citations −0.272∗∗∗ −0.273∗∗∗ −0.273∗∗∗
(0.003) (0.003) (0.002)
∆ field citations −0.167∗∗∗ −0.156∗∗∗ −0.156∗∗∗
(0.003) (0.003) (0.004)
KR:SR −0.255∗∗∗ −0.255∗∗∗
(0.004) (0.004)
Constant −3.749∗∗∗ −3.812∗∗∗ −3.812∗∗∗
(0.008) (0.008) (0.010)
Observations 7,072,386 7,072,386 7,072,386
Log Likelihood −1,088,731.000 −1,086,281.000 −1,086,281.000
Akaike Inf. Crit. 2,177,498.000 2,172,600.000 2,172,600.000
Note: ∗p<0.1; ∗∗p<0.05; ∗∗∗p<0.01
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Table A1: (ii) Multiple-specialization - full diversification
Dependent variable:
Y
Baseline Interactions Robust SE
(1) (2) (3)
Knowledge Relatedness 0.628∗∗∗ 0.689∗∗∗ 0.689∗∗∗
(0.001) (0.005) (0.009)
Social Relatedness 4.221∗∗∗ 4.243∗∗∗ 4.243∗∗∗
(0.005) (0.005) (0.019)
field core-Atomic −0.427∗∗∗ −0.427∗∗∗ −0.427∗∗∗
(0.004) (0.004) (0.007)
field core-Classical −0.475∗∗∗ −0.475∗∗∗ −0.475∗∗∗
(0.005) (0.005) (0.007)
field core-Cond.matter −0.761∗∗∗ −0.760∗∗∗ −0.760∗∗∗
(0.004) (0.004) (0.009)
field core-General −0.537∗∗∗ −0.537∗∗∗ −0.537∗∗∗
(0.004) (0.004) (0.007)
field core-High.energy 0.165∗∗∗ 0.165∗∗∗ 0.165∗∗∗
(0.005) (0.005) (0.006)
field core-Interdisc −0.552∗∗∗ −0.552∗∗∗ −0.552∗∗∗
(0.004) (0.004) (0.007)
field core-Nuclear 0.163∗∗∗ 0.163∗∗∗ 0.163∗∗∗
(0.004) (0.004) (0.006)
field core-Plasma −0.409∗∗∗ −0.409∗∗∗ −0.409∗∗∗
(0.007) (0.007) (0.008)
# of PACS 0.768∗∗∗ 0.768∗∗∗ 0.768∗∗∗
(0.001) (0.001) (0.003)
# of papers 0.117∗∗∗ 0.117∗∗∗ 0.117∗∗∗
(0.001) (0.001) (0.003)
PACS target popularity 0.611∗∗∗ 0.611∗∗∗ 0.611∗∗∗
(0.001) (0.001) (0.002)
∆ crowd 0.359∗∗∗ 0.359∗∗∗ 0.359∗∗∗
(0.001) (0.001) (0.003)
# of co-authors −0.346∗∗∗ −0.346∗∗∗ −0.346∗∗∗
(0.001) (0.001) (0.004)
∆ PACS citations −0.333∗∗∗ −0.333∗∗∗ −0.333∗∗∗
(0.001) (0.001) (0.003)
∆ field citations −0.071∗∗∗ −0.070∗∗∗ −0.070∗∗∗
(0.001) (0.001) (0.004)
KR:SR −0.062∗∗∗ −0.062∗∗∗
(0.005) (0.010)
Constant −5.855∗∗∗ −5.877∗∗∗ −5.877∗∗∗
(0.006) (0.007) (0.020)
Observations 35,562,394 35,562,394 35,562,394
Log Likelihood −7,299,777.000 −7,299,692.000 −7,299,692.000
Akaike Inf. Crit. 14,599,590.000 14,599,421.000 14,599,421.000
Note: ∗p<0.1; ∗∗p<0.05; ∗∗∗p<0.01
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Within field diversification - Specification (iii) and (iv). Figure A2-a/b plots the results
for the single specialization case: knowledge and social relatedness are still significant as well as their
interaction, but the magnitude of the coefficients is smaller with respect to the full diversification case.
In addition, when we consider the multiple specialization case (Figure A2-c/d), coefficients shrink
further and the interaction term between social and knowledge relatedness is no longer significant
(see Table A2 and A2 for details).
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Figure A2: Scientists’ research portfolio diversification - (within field diversification)
single and multiple specialization. a, Log-odds as a function of social and (standardized) knowledge
relatedness, controlling for all the confounding variables - specification (iii). b, Estimated coefficient for social
relatedness conditional on (standardized) knowledge relatedness - specification (iii). c, Log-odds as a function
of social and (standardized) knowledge relatedness, controlling for the all confounding variables - specification
(iv). d, Estimated coefficient for social relatedness conditional on (standardized) knowledge relatedness -
specification (iv). b and d include the distribution of the conditional variable (i.e., knowledge relatedness).
The color palette is in accordance with the similarity matrix (Figure 3-c.
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Table A2: (iii) Single specialization - within field diversification
Dependent variable:
Y
Baseline Interactions Robust SE
(1) (2) (3)
Knowledge Relatedness 0.166∗∗∗ 0.184∗∗∗ 0.184∗∗∗
(0.004) (0.004) (0.005)
Social Relatedness 2.265∗∗∗ 2.272∗∗∗ 2.272∗∗∗
(0.008) (0.008) (0.008)
field core-Atomic 0.059∗∗∗ 0.056∗∗ 0.056∗∗
(0.022) (0.022) (0.025)
field core-Classical −1.003∗∗∗ −1.001∗∗∗ −1.001∗∗∗
(0.026) (0.026) (0.029)
field core-Cond.matter −1.108∗∗∗ −1.110∗∗∗ −1.110∗∗∗
(0.021) (0.021) (0.024)
field core-General −0.931∗∗∗ −0.927∗∗∗ −0.927∗∗∗
(0.026) (0.026) (0.028)
field core-High.energy 1.809∗∗∗ 1.806∗∗∗ 1.806∗∗∗
(0.025) (0.025) (0.027)
field core-Interdisc −0.353∗∗∗ −0.357∗∗∗ −0.357∗∗∗
(0.024) (0.024) (0.026)
field core-Nuclear 0.978∗∗∗ 0.969∗∗∗ 0.969∗∗∗
(0.021) (0.021) (0.024)
field core-Plasma −0.149∗∗ −0.155∗∗ −0.155∗∗
(0.068) (0.068) (0.068)
# of PACS 0.769∗∗∗ 0.769∗∗∗ 0.769∗∗∗
(0.005) (0.005) (0.005)
# of papers 0.064∗∗∗ 0.065∗∗∗ 0.065∗∗∗
(0.006) (0.006) (0.005)
PACS target popularity 1.372∗∗∗ 1.370∗∗∗ 1.370∗∗∗
(0.006) (0.006) (0.005)
∆ crowd 0.130∗∗∗ 0.131∗∗∗ 0.131∗∗∗
(0.004) (0.004) (0.003)
# of co-authors −0.239∗∗∗ −0.240∗∗∗ −0.240∗∗∗
(0.005) (0.005) (0.004)
∆ PACS citations −0.209∗∗∗ −0.208∗∗∗ −0.208∗∗∗
(0.005) (0.005) (0.004)
KR:SR −0.047∗∗∗ −0.047∗∗∗
(0.007) (0.007)
Constant −1.883∗∗∗ −1.882∗∗∗ −1.882∗∗∗
(0.020) (0.020) (0.022)
Observations 1,000,230 1,000,230 1,000,230
Log Likelihood −334,720.800 −334,697.300 −334,697.300
Akaike Inf. Crit. 669,475.700 669,430.600 669,430.600
Note: ∗p<0.1; ∗∗p<0.05; ∗∗∗p<0.01
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Table A2: (iv) Multiple specialization - within field diversification
Dependent variable:
Y
Baseline Interactions Robust SE
(1) (2) (3)
Knowledge Relatedness 0.121∗∗∗ 0.121∗∗∗ 0.121∗∗∗
(0.009) (0.009) (0.013)
Social Relatedness 3.968∗∗∗ 3.968∗∗∗ 3.968∗∗∗
(0.010) (0.010) (0.021)
field core-Atomic −0.276∗∗∗ −0.276∗∗∗ −0.276∗∗∗
(0.011) (0.011) (0.021)
field core-Classical −0.932∗∗∗ −0.932∗∗∗ −0.932∗∗∗
(0.013) (0.013) (0.023)
field core-Cond.matter −0.892∗∗∗ −0.892∗∗∗ −0.892∗∗∗
(0.011) (0.011) (0.020)
field core-General −0.823∗∗∗ −0.823∗∗∗ −0.823∗∗∗
(0.012) (0.012) (0.021)
field core-High.energy 1.176∗∗∗ 1.176∗∗∗ 1.176∗∗∗
(0.012) (0.012) (0.023)
field core-Interdisc −0.724∗∗∗ −0.724∗∗∗ −0.724∗∗∗
(0.012) (0.012) (0.021)
field core-Nuclear 0.692∗∗∗ 0.692∗∗∗ 0.692∗∗∗
(0.011) (0.011) (0.021)
field core-Plasma −0.361∗∗∗ −0.361∗∗∗ −0.361∗∗∗
(0.041) (0.041) (0.058)
# of PACS 0.497∗∗∗ 0.497∗∗∗ 0.497∗∗∗
(0.002) (0.002) (0.004)
# of papers 0.252∗∗∗ 0.252∗∗∗ 0.252∗∗∗
(0.002) (0.002) (0.004)
PACS target popularity 0.774∗∗∗ 0.774∗∗∗ 0.774∗∗∗
(0.002) (0.002) (0.003)
∆ crowd 0.345∗∗∗ 0.345∗∗∗ 0.345∗∗∗
(0.002) (0.002) (0.003)
# of co-authors −0.145∗∗∗ −0.145∗∗∗ −0.145∗∗∗
(0.002) (0.002) (0.004)
∆ PACS citations −0.313∗∗∗ −0.313∗∗∗ −0.313∗∗∗
(0.002) (0.002) (0.003)
KR:SR −0.001 −0.001 −0.001
(0.009) (0.009) (0.013)
Constant −4.250∗∗∗ −4.250∗∗∗ −4.250∗∗∗
(0.014) (0.014) (0.028)
Observations 5,407,404 5,407,404 5,407,404
Log Likelihood −2,166,803.000 −2,166,803.000 −2,166,803.000
Akaike Inf. Crit. 4,333,642.000 4,333,642.000 4,333,642.000
Note: ∗p<0.1; ∗∗p<0.05; ∗∗∗p<0.01
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Between field diversification - Specification (v) and (vi). As far as the between field
diversification is concerned, the general trends in terms of social and cognitive proximity are
confirmed. Moreover, the negative interaction term remains statistically significant and not negligible
in magnitude for both model specifications (single and multiple specialization). Figure A3, Table A3
and Table A3 summarize the results.
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Figure A3: Scientists’ research portfolio diversification - (between field diversification)
single and multiple specialization. a, Log-odds as a function of social and (standardized) knowledge
relatedness, controlling for all the confounding variables - specification (v). b, Estimated coefficient for social
relatedness conditional on (standardized) knowledge relatedness - specification (v). c, Log-odds as a function
of social and (standardized) knowledge relatedness, controlling for all the confounding variables - specification
(vi). d, Estimated coefficient for social relatedness conditional on (standardized) knowledge relatedness -
specification (vi). b and d include the distribution of the conditional variable (i.e., knowledge relatedness).
The color palette is in accordance with the similarity matrix (Figure 3-c).
25
Table A3: (v) Single specialization - between field diversification
Dependent variable:
Y
Baseline Interactions Robust SE
(1) (2) (3)
Knowledge Relatedness 0.622∗∗∗ 0.702∗∗∗ 0.702∗∗∗
(0.002) (0.003) (0.003)
Social Relatedness 2.768∗∗∗ 2.914∗∗∗ 2.914∗∗∗
(0.006) (0.006) (0.008)
field core-Atomic −0.292∗∗∗ −0.303∗∗∗ −0.303∗∗∗
(0.010) (0.010) (0.010)
field core-Classical −0.304∗∗∗ −0.313∗∗∗ −0.313∗∗∗
(0.010) (0.010) (0.010)
field core-Cond.matter −1.294∗∗∗ −1.263∗∗∗ −1.263∗∗∗
(0.013) (0.013) (0.017)
field core-General −0.628∗∗∗ −0.632∗∗∗ −0.632∗∗∗
(0.011) (0.011) (0.012)
field core-High.energy −0.352∗∗∗ −0.360∗∗∗ −0.360∗∗∗
(0.013) (0.014) (0.013)
field core-Interdisc −0.356∗∗∗ −0.365∗∗∗ −0.365∗∗∗
(0.010) (0.010) (0.011)
field core-Nuclear 0.060∗∗∗ 0.068∗∗∗ 0.068∗∗∗
(0.011) (0.011) (0.011)
field core-Plasma −0.062∗∗∗ −0.074∗∗∗ −0.074∗∗∗
(0.014) (0.014) (0.015)
# of PACS 1.010∗∗∗ 1.003∗∗∗ 1.003∗∗∗
(0.004) (0.004) (0.004)
# of papers −0.050∗∗∗ −0.032∗∗∗ −0.032∗∗∗
(0.004) (0.004) (0.004)
PACS target popularity 1.114∗∗∗ 1.108∗∗∗ 1.108∗∗∗
(0.003) (0.003) (0.003)
∆ crowd 0.322∗∗∗ 0.320∗∗∗ 0.320∗∗∗
(0.003) (0.003) (0.003)
# of co-authors −0.461∗∗∗ −0.488∗∗∗ −0.488∗∗∗
(0.003) (0.003) (0.003)
∆ PACS citations −0.375∗∗∗ −0.369∗∗∗ −0.369∗∗∗
(0.004) (0.004) (0.004)
∆ field citations −0.209∗∗∗ −0.196∗∗∗ −0.196∗∗∗
(0.004) (0.004) (0.006)
KR:SR −0.234∗∗∗ −0.234∗∗∗
(0.004) (0.005)
Constant −4.115∗∗∗ −4.168∗∗∗ −4.168∗∗∗
(0.009) (0.009) (0.010)
Observations 6,072,156 6,072,156 6,072,156
Log Likelihood −717,839.000 −716,398.900 −716,398.900
Akaike Inf. Crit. 1,435,714.000 1,432,836.000 1,432,836.000
Note: ∗p<0.1; ∗∗p<0.05; ∗∗∗p<0.01
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Table A3: (vi) Multiple specialization - between field diversification
Dependent variable:
Y
Baseline Interactions Robust SE
(1) (2) (3)
cos 0.446∗∗∗ 0.511∗∗∗ 0.511∗∗∗
(0.001) (0.005) (0.011)
Social Relatedness 4.261∗∗∗ 4.284∗∗∗ 4.284∗∗∗
(0.006) (0.006) (0.021)
field core-Atomic −0.384∗∗∗ −0.385∗∗∗ −0.385∗∗∗
(0.005) (0.005) (0.008)
field core-Classical −0.328∗∗∗ −0.328∗∗∗ −0.328∗∗∗
(0.005) (0.005) (0.008)
field core-Cond.matter −0.904∗∗∗ −0.903∗∗∗ −0.903∗∗∗
(0.005) (0.005) (0.013)
field core-General −0.421∗∗∗ −0.422∗∗∗ −0.422∗∗∗
(0.005) (0.005) (0.008)
field core-High.energy −0.060∗∗∗ −0.060∗∗∗ −0.060∗∗∗
(0.005) (0.005) (0.008)
field core-Interdisc −0.367∗∗∗ −0.367∗∗∗ −0.367∗∗∗
(0.005) (0.005) (0.008)
field core-Nuclear −0.160∗∗∗ −0.161∗∗∗ −0.161∗∗∗
(0.005) (0.005) (0.009)
field core-Plasma −0.255∗∗∗ −0.256∗∗∗ −0.256∗∗∗
(0.007) (0.007) (0.009)
# of PACS 0.944∗∗∗ 0.944∗∗∗ 0.944∗∗∗
(0.001) (0.001) (0.004)
# of papers 0.050∗∗∗ 0.050∗∗∗ 0.050∗∗∗
(0.001) (0.001) (0.004)
PACS target popularity 0.559∗∗∗ 0.559∗∗∗ 0.559∗∗∗
(0.001) (0.001) (0.002)
∆ crowd 0.392∗∗∗ 0.393∗∗∗ 0.393∗∗∗
(0.002) (0.002) (0.003)
# of co-authors −0.444∗∗∗ −0.444∗∗∗ −0.444∗∗∗
(0.001) (0.001) (0.006)
∆ PACS citations −0.354∗∗∗ −0.354∗∗∗ −0.354∗∗∗
(0.002) (0.002) (0.003)
∆ field citations −0.143∗∗∗ −0.143∗∗∗ −0.143∗∗∗
(0.002) (0.002) (0.005)
KR:SR −0.067∗∗∗ −0.067∗∗∗
(0.005) (0.011)
Constant −6.142∗∗∗ −6.165∗∗∗ −6.165∗∗∗
(0.007) (0.008) (0.022)
Observations 30,154,990 30,154,990 30,154,990
Log Likelihood −4,971,576.000 −4,971,497.000 −4,971,497.000
Akaike Inf. Crit. 9,943,188.000 9,943,033.000 9,943,033.000
Note: ∗p<0.1; ∗∗p<0.05; ∗∗∗p<0.01
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A.3 Temporal evolution of the physics knowledge space
The structure of the knowledge space can evolve over time, and sharp differences might
undermine our strategy. To check whether such changes are significant, we split our initial dataset
into three subsets, one for each decade: 1980-1989, 1990-1990, 2000-2009. We compare the structure
of the physics knowledge space in the last decade of our sample with the one referring to the entire
period. Figure A4 compares popularity of one- and two-digit PACS in the last decade with the one
for the full sample. Figure A5 shows how the network and, as a consequence, the cosine similarity
matrix have changed in the last ten years. Figure A6 shows the popularity of one- and two-digit
PACS in the three decades. Data confirm the rise of interdisciplinary physics within an otherwise
stable distribution of interests, as much as it was observed in previous works [5].
Since our measure of knowledge relatedness depends on PACS co-occurrences in research
articles, we provide a more robust quantitative test to check whether the relationships among
sub-fields have changed significantly over time. To do so, we first construct the difference between
the cosine similarity matrix in two decades (see Figure A7 and A8). Then we validate the resulting
difference matrices against the null of zero difference by sampling with replacement and generating
1,000 additional of such matrices. Finally, we compute the confidence interval (α = 0.05) for each
element of the difference matrix to assess its statistical significance, taking into account multiple
hypothesis testing issues (Bonferroni correction). Figure A9 shows the results of the bootstrap
validation procedure (statistically significant pairs in black). In general, the number of significant
element is not large, especially for consecutive decades, indicating a fairly stable structure of the
physics knowledge space. More importantly, the analysis discussed in Section A.4.2, where past
knowledge space is used in the regression, shows that changes in knowledge relatedness do not affect
the main conclusions on the drivers of research portfolio diversification.
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Figure A4: Popularity of fields and sub-fields over time. We focus on a subset including
articles published from 2000 to 2009 (last 10 years in our data) to compare the popularity of physics fields
and sub-fields over time (i.e., number of articles assigned to a given field/sub-field). The distribution of topics
remains fairly stable, except for the rise of interdisciplinary physics.
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Figure A5: Knowledge relatedness over time. We focus on a subset including articles published
from 2000 to 2009 (last 10 years in our data) to evaluate the evolution of the physics knowledge space over
time. Despite a slightly general increase of interdisciplinarity, subject proximity indicates a stable structure
among sub-fields.
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Figure A6: Popularity of fields and sub-fields through decades. The plots compare the
popularity of physics fields and sub-fields over time (i.e., number of articles assigned to a given
field/sub-field). 31
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Figure A7: Knowledge relatedness evolution over the first two decades. The top
panels show the cosine similarity matrix between two-digit PACS in two decades, while the bottom
panel shows their difference.
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Figure A8: Knowledge relatedness evolution over three decades. The top panels show
the cosine similarity matrix between two-digit PACS in two decades, while the bottom panel shows
their difference.
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Figure A9: Bootstrap validation. Bootstrap validation of the difference matrices computed over
decades by sampling with replacement and generating 1,000 additional difference matrices (showing only
PACS codes present in each decade). The confidence interval (α = 0.05) for each element of the matrix
assesses the statistical significance (elements in black), taking into account multiple hypothesis testing
correction (Bonferroni correction).
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A.4 Alternative estimation strategies
A.4.1 Multidisciplinarity
Keeping track of diversification patterns for truly multidisciplinary scientists is a non-trivial
task. Indeed, some scientists might have several core specializations leading to a positive bias in the
previous estimates. To take into account this issue, we present an additional robustness check to
validate further our empirical strategy: we assign each scientist to a single specialization - the one
corresponding to the maximum value of RSA - but we constrain the choices of each scientists by
eliminating from the regression the possibility to diversify in any of the PACS for which RSA > 0.
In other words, we take into account only truly unexplored sub-fields. Figure A10 confirms that
scientists research portfolio diversification depends on social and knowledge relatedness, and the two
measures interact with each other. Table A10 summarizes the results.
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Figure A10: Scientists’ research portfolio diversification - constrained diversification.
(a) Log-odds as a function of (binary) social relatedness and (standardized) knowledge relatedness,
accounting for multiple control variables. (i). (b) Estimated coefficient for social relatedness
conditional on knowledge relatedness, and distribution of knowledge relatedness. The analysis is
performed considering only truly unexplored sub-fields (see text).
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Table A10: Constrained diversification.
Dependent variable:
Y
Baseline Interactions Robust SE
(1) (2) (3)
Knowledge Relatedness 0.507∗∗∗ 0.586∗∗∗ 0.586∗∗∗
(0.005) (0.006) (0.007)
Social Relatedness 1.268∗∗∗ 1.398∗∗∗ 1.398∗∗∗
(0.012) (0.013) (0.014)
field core-Atomic 0.036 0.029 0.029
(0.025) (0.025) (0.023)
field core-Classical −0.034 −0.043∗ −0.043∗
(0.026) (0.026) (0.024)
field core-Cond.matter 0.341∗∗∗ 0.342∗∗∗ 0.342∗∗∗
(0.027) (0.027) (0.028)
field core-General −0.092∗∗∗ −0.105∗∗∗ −0.105∗∗∗
(0.027) (0.027) (0.026)
field core-High.energy 0.426∗∗∗ 0.418∗∗∗ 0.418∗∗∗
(0.030) (0.030) (0.027)
field core-Interdisc 0.040 0.023 0.023
(0.026) (0.026) (0.024)
Nuclear 0.326∗∗∗ 0.341∗∗∗ 0.341∗∗∗
(0.027) (0.027) (0.024)
field core-Plasma 0.063∗ 0.058 0.058∗
(0.036) (0.036) (0.032)
# of PACS 0.761∗∗∗ 0.753∗∗∗ 0.753∗∗∗
(0.007) (0.007) (0.006)
# of papers 0.374∗∗∗ 0.389∗∗∗ 0.389∗∗∗
(0.007) (0.007) (0.006)
PACS target popularity 1.478∗∗∗ 1.473∗∗∗ 1.473∗∗∗
(0.006) (0.006) (0.006)
∆ crowd 0.193∗∗∗ 0.192∗∗∗ 0.192∗∗∗
(0.006) (0.006) (0.006)
# of co-authors −0.099∗∗∗ −0.116∗∗∗ −0.116∗∗∗
(0.006) (0.006) (0.006)
∆ PACS citations −0.380∗∗∗ −0.381∗∗∗ −0.381∗∗∗
(0.007) (0.007) (0.006)
∆ field citations 0.309∗∗∗ 0.320∗∗∗ 0.320∗∗∗
(0.008) (0.008) (0.009)
KR:SR −0.230∗∗∗ −0.230∗∗∗
(0.009) (0.010)
Constant −5.179∗∗∗ −5.209∗∗∗ −5.209∗∗∗
(0.024) (0.024) (0.024)
Observations 1,503,010 1,503,010 1,503,010
Log Likelihood −165,560.600 −165,263.900 −165,263.900
Akaike Inf. Crit. 331,157.100 330,565.900 330,565.900
Note: ∗p<0.1; ∗∗p<0.05; ∗∗∗p<0.01
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A.4.2 Time dimension
The temporal dimension is of paramount importance when evaluating scientific activities,
especially to disentangle the direction of causality. Over time, our measures of knowledge and
social relatedness might be affected by scientists’ research diversification themselves. We tackle this
issue by running an additional robustness check to isolate the effect of our measures on scientists’
diversification strategies. First, we split our dataset into three time periods (i.e., three decades:
1980-1989, 1990-1990, 2000-2009) and we identify 15,466 scientists active in all periods. Then,
we compute our measures of knowledge and social relatedness for each period to predict authors’
diversification in a given decade using relatedness measures of a past decade. As before, we use a
logistic regression where our dependent variable is a binary one (being active in a sub-field different
from specialization), but this time we use knowledge and social relatedness computed at time t− 1
and t− 2. Formally, we use three econometric specifications:
Yt−1 = α+ βKRt−2 + γSRt−2 + ζ(KRt−2 × SRt−2) + δfield core+  (9)
Yt = α+ βKRt−1 + γSRt−1 + ζ(KRt−1 × SRt−1) + δfield core+  (10)
Yt = α+ βKRt−2 + γSRt−2 + ζ(KRt−2 × SRt−2) + δfield core+  (11)
where t indicates the last decade (2000-2009). Such additional tests provide indication of the
direction of causality since we take in account social and cognitive proximity prior to the scientists’
choice to diversify. Moreover, we only consider sub-fields never explored before by each author so to
approximate a quasi-experimental setting. Results confirm the role played by knowledge and social
relatedness as well as the negative interaction between our two measures (see Figure A11 and Table
A11).
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a Yt−1 = α + βKRt−2 + γSRt−2 + ζ(KRt−2 × SRt−2) + δfield core + 
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c Yt = α + βKRt−2 + γSRt−2 + ζ(KRt−2 × SRt−2) + δfield core + 
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Figure A11: Models with lagged variables. Log-odds as function of social and (standardized)
knowledge relatedness and (bottom right panel), estimated coefficient for social relatedness
conditional on (standardized) knowledge relatedness.38
Table A11: Diversification (lag)
Dependent variable:
Yt−1 Yt
lag1 lag1 lag2
(1) (2) (3)
KRt−2 0.030∗∗∗ 0.023∗∗∗
(0.0003) (0.0003)
SRt−2 1.165∗∗∗ 0.703∗∗∗
(0.037) (0.047)
KRt−1 0.023∗∗∗
(0.0003)
SRt−1 0.941∗∗∗
(0.035)
field core-Atomic −0.350∗∗∗ −0.378∗∗∗ −0.296∗∗∗
(0.043) (0.053) (0.054)
field core-Classical −0.371∗∗∗ −0.334∗∗∗ −0.333∗∗∗
(0.047) (0.058) (0.059)
field core-Cond.matter −0.495∗∗∗ −0.434∗∗∗ −0.383∗∗∗
(0.039) (0.049) (0.049)
field core-High.energy −0.393∗∗∗ −0.104∗ −0.194∗∗∗
(0.046) (0.057) (0.057)
field core-Interdisc −0.471∗∗∗ −0.490∗∗∗ −0.428∗∗∗
(0.046) (0.060) (0.061)
field core-Nuclear −0.188∗∗∗ −0.194∗∗∗ −0.198∗∗∗
(0.042) (0.053) (0.054)
field core-Plasma −0.416∗∗∗ −0.395∗∗∗ −0.319∗∗∗
(0.050) (0.062) (0.063)
KRt−2 : SRt−2 −0.008∗∗∗ −0.007∗∗∗
(0.001) (0.001)
KRt−1 : SRt−1 −0.005∗∗∗
(0.001)
Constant −3.075∗∗∗ −3.010∗∗∗ −2.964∗∗∗
(0.038) (0.047) (0.048)
Observations 766,519 618,352 618,352
Log Likelihood −180,229.100 −142,158.800 −143,114.400
Akaike Inf. Crit. 360,480.300 284,339.500 286,250.900
Note: ∗p<0.1; ∗∗p<0.05; ∗∗∗p<0.01
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